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A B S T R A C T
Study region: Eastern Australia
Study focus: Long-term monitoring of soil moisture is a time- and cost-intensive challenge.
Therefore, meteorological drought indices are commonly used proxies of periods of significant
soil moisture deficit. However, the question remains whether soil moisture droughts can be
adequately characterised using meteorological variables such as rainfall and potential evapora-
tion, or whether a more physically based approach is required. We applied two commonly used
drought indices – the Standardized Precipitation Index and the Reconnaissance Drought Index –
to evaluate their performance against soil moisture droughts simulated with the numerical soil
water model Hydrus-1D. The performance of the two indices was measured in terms of their
correlation with the standardised simulated monthly minimum soil water pressures, and their
capability to detect soil moisture droughts that are potentially critical for plant water stress.
New hydrological insights for the region: For three typical soil types and climate zones in Eastern
Australia, and for two soil profiles, we have found a significant correlation between the indices
and soil moisture droughts detected by Hydrus-1D. The failure rates and false alarm rates for
detecting the simulated soil moisture droughts were generally below 50% for both indices and
both soil profiles (the Reconnaissance Drought Index at Melbourne was the only exception).
However, the complexity of Hydrus-1D and the uncertainty associated with the available, re-
gionalised soil water retention curves encourage using the indices over Hydrus-1D in absence of
appropriate soil moisture monitoring data.
1. Introduction
Drought is one of the most complex, harmful and least understood type of climatic event, causing an annual average of 6–8 billion
USD of damage globally (Edwards, 1997; Keyantash and Dracup, 2002; Saghafian et al., 2003; Yagci et al., 2013); and it is expected
that the severity and frequency of droughts will change in the future due to climate change (Dai, 2012; McCarthy, 2001; Van Loon
et al., 2016). Droughts are classified into meteorological, agricultural, hydrological, and socioeconomic droughts (Passioura, 2007;
Shiau et al., 2012; Zargar et al., 2011). Across these drought classes over 150 drought indices exist and are widely accepted as
measures for monitoring of spatial and temporal variability of water shortage (Quiring, 2009; Zargar et al., 2011). Depending on the
climatic region, the type of drought and the purpose of a study, drought indices use information on rainfall, potential evaporation,
soil moisture, surface water, groundwater or supply shortages (American Meteorological Society, 1997; Hao and AghaKouchak, 2013;
Khedun et al., 2012). Often, measures of the severity and duration of droughts are derived from these indices (United States Drought
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Monitor, 2017) and drought frequency analysis is used to estimate the return period or exceedance probability of a drought of given
severity and/or duration (Halwatura et al., 2015a; Kwak et al., 2015; She et al., 2016).
Droughts play a critical role in agriculture and ecosystem restoration (Carrick and Krüger, 2007), as soil moisture is the key
control on many biogeochemical processes in the water, carbon, or nitrogen cycle. The movement of water from soil pores to plant
roots and leaves follows potential energy gradients that are predominantly determined by the soil moisture balance (Prentice et al.,
1992; Rodriguez-Iturbe, 2000). If soil moisture is depleted, gradients in the soil water potential gradually break down, thereby
affecting vegetation negatively such as reducing crop production or failing ecosystem establishment (National Drought Mitigation
Center, 2013). Soil moisture droughts can be defined as shortage of soil moisture that causes permanent damage or failure of
vegetation (Cammalleri et al., 2016) (here and throughout the paper we prefer the term ‘soil moisture drought’ to ‘agricultural
drought’ because the results have relevance beyond agricultural applications, e.g. Boken et al., 2005; Woli et al., 2012). Soil moisture
drought indices such as the Palmer Drought Severity Index (Palmer, 1965), Crop Moisture Index (Palmer, 1969), and Z index (Palmer,
1968) account for the water needs of plants and integrate soil moisture data. Recently developed indices incorporating soil moisture
include the Drought Severity Index (Cammalleri et al., 2016) and the Soil Water Deficit Index (Martínez-Fernández et al., 2005;
Martínez-Fernández et al., 2015). However, practical application of these indices is challenging as long-term soil moisture data are
rarely available and the establishment of soil moisture monitoring systems is expensive and time consuming (Wilson et al., 2016;
Zawadzki and Kędzior, 2016). Therefore, simpler drought indices such as the Standardized Precipitation Index (SPI) and Re-
connaissance Drought Index (RDI) are often used when the necessary quality and quantity of observed soil moisture data are not
available (Halwatura et al., 2015b; Wang et al., 2015).
Alternatively, physically based soil water models can be used to simulate soil water content, fluxes and pressures (Anderson et al.,
2012; Granier et al., 1999; Hao and AghaKouchak, 2013). Together with local soil properties, long-term meteorological data (and
potentially irrigation) can be used as inputs to estimate the probability of critical thresholds of soil water pressure being exceeded
(such as the wilting point). Selecting a threshold is a complicated, as well as a critical, step, because plant related soil moisture levels
are rarely found in literature. However, the application of physically based models for soil moisture drought estimation is challenging
due to a range of issues such as uncertainty associated with the data and approximations of biophysical processes (Chowdhary and
Singh, 2010; Li et al., 2005; Mishra and Singh, 2011; Wang et al., 2011). Some studies have addressed these issues by comparing soil
moisture observations with meteorological drought indices (Wang et al., 2015; Wang et al., 2016). However, these methods are
limited to short periods with a small sample size of observations or are validated against long-term soil moisture data derived from
climate model simulations rather than empirical monitoring data (Cammalleri et al., 2016). In this regard, the following are still
unclear: (1) under what conditions simple meteorological drought indices can potentially replace more complex modelling ap-
proaches to assess soil moisture droughts, and what values of the indices correspond to critical thresholds in soil moisture contents
and hence define a drought occurrence; and (2) what relative reliability is achieved from using a physically based soil moisture model
rather than drought indices to detect drought occurrences, considering the inherent uncertainty in the model? These questions apply
to estimating drought under both historical and predicted meteorological conditions.
Therefore, the objective of this paper is to evaluate the capability of simple meteorological drought indices to estimate the
severity and duration of soil moisture deficits that have been synthesised using a physically based soil water model. Our analysis is
based on climate and soil hydraulic data from across three distinct sites in Eastern Australia.
2. Analysis
Our analysis involved the following five steps (Fig. 1):
1. Selection of representative sites typical for Eastern Australia with comprehensive availability of climate data (rainfall, potential
evaporation) and soil hydraulic data (soil water retention curve).
2. Selection of suitable meteorological drought indices (SPI, RDI) and their calculation using time series of observed climate data,
and estimation of corresponding time series of soil water pressure using a physically based soil water model (Hydrus-1D).
3. Performance evaluation of the drought indices against the standardised simulated soil water pressure values. This includes
identifying thresholds that define drought occurrence; and the design, evaluation and analysis of metrics of characterising how
well the indices represent the physically based soil water pressure.
4. Analysis of the sensitivity of simulated soil water pressure to uncertainty in the soil hydraulic parameters (water retention curves).
5. Analysis of the effect of that uncertainty in the physically based soil water model affecting the comparison with the drought
indices.
Step 1. Selection of representative site across Eastern Australia
The availability of comprehensive (i.e., high coverage) long-term rainfall and potential evaporation data is crucial for the as-
sessment of water shortage periods in relation to the long-term average. For the three selected sites, Cairns, Bourke and Melbourne,
historic daily rainfall and potential evaporation point data (calculated using the Penman-Monteith equation) were available for 25
years within the period 1971–2013 (Table 1) (Bureau of Meteorology, 2013). Based on the metadata for these sites (Bureau of
Meteorology, 2013), the data quality is considered good. During the periods shown in Table 1, the data were more than 97%
complete. Missing periods were infilled using the nearest gauge in the Bureau of Meteorology database for which corresponding data
were available. These periods could not be omitted as drought index estimations and the Hydrus-1D model requires continuous-time
inputs, and the corresponding period that might be neglected in model evaluation is not obvious. Therefore it is assumed that the
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Fig. 1. Schematic diagram of steps applied in the methodology. See Section 2 for further details. Step 1: Selection of three sites representing typical climates in Eastern
Australia. Step 2: Estimation of drought indices and simulation of standardised soil water pressure. Step 3: Evaluation of the drought indices against standardised
minimum soil water pressures. Step 4: Sensitivity analysis of simulated soil water pressure. Step 5: The effect of uncertainty on the relative value of the physically
based soil water model.
Table 1
Climate indices for selected locations with focus on rainfall R (subscripts w and s denote winter and summer, respectively) and potential evaporation PET.
Location Length of meteorological data (years) Climate index Köppen-Geigerc climate classification
R/PETa Rw/Rsb
Cairns (−17.457 S, 145.992 E) 1988–2013 (25) 0.91 0.10 Tropical, savannah
Melbourne (−37.966 S, 144.553 E) 1988–2013 (25) 0.51 0.95 Temperate, without dry season
Bourke (−30.233 S, 145.917 E) 1967–1992 (25) 0.20 0.61 Arid, steppe
a (UNEP, 1992).
b Based on average of three-months of rainfall during winter (June–August) and summer (December–February).
c (Peel et al., 2007).
Table 2
Soil type and water retention parameters of selected sites and the ranges used for the sensitivity analysis.
Soil parameter Cairns Melbourne Bourke
Soil type Sandy loam Sandy loam Sandy clay loam
θr (cm3 cm−3) 0.05 (0.025–0.06) 0.1(0.05–0.15) 0.07 (0.035–0.105)
θs (cm3 cm−3) 0.47 (0.235–0.705) 0.513 (0.025–0.769) 0.33 (0.165–0.495)
α (cm−1) 0.1864 (0.093–0.279) 0.1114 (0.055–0.167) 0.023 (0.012–0.034)
n (−) 1.2087 (1.087–1.813) 1.3695 (1.232–2.05) 1.296 (1.166–1.944)
ks (cm day−1) 106.1 106.1 31.44
α: First-order mass transfer coefficient, n: curve shape parameter, θs: soil water content at saturation, θr: residual water content, Ks: saturated hydraulic conductivity.
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infilling will not unduly influence the evaluations in Steps 3 to 5. Likewise, soil hydraulic data were available to derive the water
retention curves of the predominantly Sandy Loam soils in Melbourne and Cairns and Sandy Clay Loam soils in Bourke (Australian
Soil Resource Information System, 2011) (Table 2). While soils are variable in these regions, only these dominant soil types were
considered for this study. Apart from the sufficient availability of climate and soil data, these three sites were chosen as they cover the
three main climatic regions across Eastern Australia – tropical, arid and temperate in Cairns, Bourke and Melbourne, respectively
(Halwatura et al., 2015a; Köppen, 1936) (Table 1, Fig. 2).
Step 2. Estimation of drought indices and soil water pressure
This step generated data for two drought indices and the simulated soil water pressure data. The SPI and RDI drought indices were
selected based on simplicity of the calculation process, the modest data requirements and their perceived widespread suitability. SPI
is one of the most commonly used indices including a wide range of application types (e.g. Hao et al., 2016); however many
comparative studies have preferred RDI for estimating extreme droughts where potential evaporation is considered important (Asadi
Zarch et al., 2015; Jamshidi et al., 2011; Khalili et al., 2011; Shokoohi and Morovati, 2015). Recent studies recommend SPI and RDI
for assessing droughts in temperate, arid and tropical climates; and that they may perform well relative to data from remote sensing
methods, climate models, and more complex drought indices (Elkollaly et al., 2017; Kostopoulou et al., 2017; Ma’rufah et al., 2017;
Zarei et al., 2016; Zhang et al., 2017). In context of Australian climates, SPI and RDI have been frequently used for comparative
drought assessments, for example (Barua et al., 2009; Halwatura et al., 2015a; Halwatura et al., 2016; Kirono et al., 2011; Rahmat
et al., 2015).
Both indices were calculated using climate inputs averaged over one, three and twelve-month time periods. In contrast to other
Fig. 2. Selected locations of interest.
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studies (e.g. Martínez-Fernández et al., 2015; Wang et al., 2015; Wang et al., 2016), which standardise SPI and RDI using the long-
term season-specific averages, the indices were standardised using the long-term (25-year) annual averages (Eqs. (1) and (2a) (2b)),
thereby the time-series of standardised indices exhibit seasonal patterns (Fig. 4). The SPI was derived by fitting the rainfall records to
a probability distribution and transforming it into a normal distribution with zero mean and unit standard deviation. Rainfall
conditions greater or smaller than average rainfall are represented by positive or negative values of SPI respectively (McKee et al.,
1993; Shiau et al., 2012). Following McKee et al. (1993), using the three-month time-scale as an example, SPI was calculated for each
site as,
= ⎛
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3i R
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where r is the rainfall, FR is the non-exceedance probability of the three-month average value, calculated by fitting a Gamma
distribution using the method of moments, the subscript i is the month number ranging from the third to the last month in the record,
and Φ−1 is the inverse cumulative distribution function of the standard normal distribution.
The standardised three-monthly RDI (Tsakiris and Vangelis, 2005) was calculated for each site as:
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where P and PET are rainfall and potential evaporation respectively, i is the month number ranging from the third to the last month in
the record, and μln(ɣ)and σln(ɣ) are the arithmetic mean and standard deviation ofln(ɣ) over all its values for that site.
For the derivation of soil water pressure using the physically based soil water model (in addition to the climate data) water
pressure characteristics of the soils were provided by the Australian Soil Resource Information System (2011). These data included
the soil moisture content and water pressure at saturation (0 hPa), field capacity (−100 to −330 hPa), permanent wilting point
(−15,000 hPa) and air-dry conditions (−1,000,000 hPa). The water retention curve was fitted to these data using RETC 6.02 (Van
Genuchten et al., 1991) to estimate the first-order mass transfer coefficient α and curve shape parameter n. These two parameters
were used, together with the soil water content at saturation (θs), the residual water content (θr) and the saturated hydraulic
conductivity (Ks) (Table 2), to simulate one-dimensional water flow in Hydrus-1D (Šimůnek et al., 2008) and to estimate daily soil
water pressure (ψ). We selected Hydrus-1D as physically based model because of its free availability (ensuring reproducibility) and its
well-established acceptance in the soil science community (Šimůnek et al., 2016). We used the same daily rainfall and potential
evaporation inputs as those used to calculate the drought indices. The lower boundary condition at 1 m depth was set as free drainage
and the upper boundary condition was set as atmospheric with surface runoff (Appendix A).
The primary assumptions of the soil water modelling were that (i) the soil water characteristics (Australian Soil Resource
Information System, 2011) were representative of the selected soil types, including incorporating local vertical and lateral hetero-
geneities, (ii) using the effective parameter values of the water retention curve, Richards’ equation is an adequate approximation of
Fig. 3. The change of FR and FAR in relation to the selected threshold percentile for the SPI for a 30 cm soil profile. Dotted line indicates the 75th percentile used in the
study.
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the unimodal soil permeability, (iii) the free drainage lower boundary condition is an adequate approximation of the local conditions,
(iv) the evaporative demand primarily determines the upper boundary condition, (v) sub-daily variations in soil water pressure are
insignificant and the use of daily averaged input and output data is sufficient, and (vi) there is no irrigation so that drought is not
influenced by any groundwater or surface water storages. No in-situ measurements were used to calibrate and test the Hydrus-1D
model, therefore the results from Step 3 represent the hypothetical, regionally representative soils described by the parameters in
Australian Soil Resource Information System (2011), rather than being site-specific. The ability of Hydrus-ID to represent soil water
content and pressure dynamics using regionalised parameter estimates is supported by a large number of previous assessments
including for relevant soil types and climates (Chen et al., 2014). For example, for temperate climates with dominant loam soil and
sandy soils Hydrus have been recommended as reasonable methods to estimate soil moisture for shallow soils (< 40 cm) (Hollander
et al., 2016; Kato et al., 2010). Also for temperate climates, Pan et al. (2011) concluded that they successfully simulated soil moisture
for sandy loam soil in 25 cm and 100 cm depths. For tropical climates with dominant clay soils Hydrus-1D was considered to have
estimated soil moisture with reasonable accuracy in absence of any ground-based measurements (Gupta et al., 2014). For cold
climates simulated soil moisture data provided significant correlations for shallow soils (< 30 cm) (Naylor et al., 2016; Schwarzel
et al., 2006). Further Zhu et al. (2009) considered that Hydrus-1D was successful in arid climates (with sandy soil) with extended
droughts to study groundwater movement into the root zone (Zhu et al., 2009). Further, Dasgupta et al. (2015) used Hydrus-1D to
simulate soil water potential in drought conditions to study the water stress and yield of rice varieties. We recognise that this
overview of relevant applications of Hydrus-ID does not permit the conclusion that the model is accurate for any particular soil type
Fig. 4. Time series of the simulated standardised monthly minimum soil water pressure over 5 cm depth and the SPI for the three selected studies sites.
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and application in the case study regions; rather we conclude that it is not an unreasonable way to manufacture a regionally-
representative soil moisture response for drought analysis. The fitness for purpose for application to a specific site is addressed
through the uncertainty analysis in Step 4.
Step 3. Evaluation of the drought indices against soil water pressure
For each site and each month, we extracted the monthly minimum soil water pressure (hPa) averaged from the soil surface to 5 cm
depth (ˆψmin i,5 ), and also from the soil surface to 30 cm depth (ˆψmin i,30 ). While we considered the shallow soil represented by the 0–5 cmdepth range to be critical for plant establishment such as seedling emergence, the deeper soil represented by the 0–30 cm depth range wasconsidered to be critical for the persistence of most annual plants (Martínez-Fernández et al., 2015). We used the minimum monthly soil
water pressure as the reference value for potential plant water stress assuming that one incidence of exceeding a species-specific water
pressure threshold causes irreversible plant water stress (Blum, 2011; Tezara et al., 1999), which is more biologically relevant than monthly
averaged values, for example monthly averaged values that do not reflect the short-term variability of soil moisture dynamics
We then transformed soil water pressure into logarithmic values and standardised them using a standard normal distribution
(pFstd) (Carrão et al., 2016; Kumar et al., 2016):
pFstd5 = logstd(−ˆψmin ι,5 ), (3a)
pFstd30 = logstd(−ˆψmin ι,30 ), (3b)and evaluated the correlations between simulated soil water pressure (Eq. (3a), (3b)) and the drought indices (SPIi, RDIi). We also
evaluated the correlations between pFstd5 and pFsdt30 and SPIi-1 and RDIi-1 in case the three month averages defined in equation (1),
(2a) and (2b) more strongly influenced the next month’s minimum soil water pressure.
We calculated the failure rate (FR) and false alarm rate (FAR) to quantify the success of the drought indices in detecting critical periods
of lacking soil water availability based on the simulated low soil water pressure events (See Appendix B Fig. B1 for further explanation):
=
+
FR #E(a)
#E(a b) (4)
where #E(a) is the number of simulated low soil water pressure events not detected by the drought index, and #E(a+ b) is the total
number of simulated low soil water pressure events.
Likewise, the FAR was calculated as:
=
+
FAR #E(c)
#E(b c) (5)
where #E(c) is the number of drought events detected by the drought index not corresponding to periods of low simulated soil water
pressure, and #E(b + c) is the total number of droughts detected by the drought index. The lower the FR and FAR values, the more
capable the drought index is in detecting periods of low soil water pressure.
Ideally, the threshold determining a low simulated soil water pressure would be physically based; however, commonly used
physically based thresholds, such as the wilting point, do not necessarily coincide with stress levels of plant communities and in most
cases plant available thresholds are not available (Bond and Kavanagh, 1999; Wonkka et al., 2016). Likewise, commonly used
drought classifications are arbitrary and the use of percentiles has been suggested instead (Agnew, 2000; Mueller and Zhang, 2016;
Svoboda et al., 2002). Therefore, instead of a physically based threshold of soil water pressure, we chose the value that gave the
overall lowest values of FR and FAR, which was the 75th percentile representing the upper limit of potential performance; and for
consistency, the 75th percentile of the estimated drought indices was used to define a drought event (Fig. 3).
Step 4. Sensitivity analysis of simulated soil water pressure
In this step we explored the effect of uncertainties in the water retention curve parameters on the simulated soil water pressure.
We assessed the local sensitivity (Oakley and O'Hagan, 2004) of the simulated soil water pressure to uncertainty in θr, θs, α, and n.
The normalised relative sensitivity S was calculated for each site as
= ˆˆS dψ ψdP P//mink minkWRC WRC00 (6)
whereˆψmink is the simulated monthly minimum soil water pressure in depth k, PWRC refers to one of the four parameters in the soil
water retention curve, the superscript 0 refers to the initial reference values ofˆψmink and PWRC, respectively, and d refers to thedifference between the perturbed and reference values. Each of the four parameters was varied in turn, between values dPWRC/
P0WRC = [−0.5, 0, +0.5] using±10% intervals, while all other parameters were kept at default values (Table 2). The simulated
mean soil water pressure was considered sensitive to uncertainty in the soil hydraulic model if S > 1.
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Step 5. The effect of uncertainty on the relative value of the physically based soil water model
In the final step we conducted a local sensitivity analysis in order to assess the effect of uncertainties in the hydraulic model
parameters on FR and FAR (Appendix B Fig. B2). Using this method we explored how well we would expect the hydraulic model to
detect drought events given scenarios of hydraulic model uncertainty. We used simulated soil water pressure ψ( )min
k based on the
default parameters of the water retention curves (Table 2) as a benchmark representing the ‘true’ soil water pressure response. This
was compared against the simulated soil water pressure based on the hydraulic model parameter perturbations that caused the
highest and median values of S (bold and italic in Appendix C).
Then we calculated FR* and FAR* as:
=
+
FR* #E(a*)
#E(a* b*) (7)
and
=
+
FAR* #E(c*)
#E(b* c*) (8)
where a#E( *) is the number of low soil water pressure events simulated with the default water retention curve but not simulated with
the perturbed water retention curve, +a b#E( * *) is the total number of low soil pressure events simulated with the default water
retention curve, c#E( *) is the number of low soil pressure events simulated with the perturbed water retention curve but not si-
mulated with the default water retention curve, and +b c#E( * *) is the total number of low soil pressure events simulated with the
perturbed water retention curve.
If FR* > FR or FAR* > FAR, the assumed parameter uncertainty in the hydraulic model critically affects its relative ability to
detect droughts, so that the simple drought index may be preferred over the more complex soil water model, even if FR or FAR is
high.
3. Results
Out of the three alternative time-scales used to define SPI and RDI, we found that the three-month time-scale gave the highest
correlations with standardised soil water pressure for all locations and soil profiles. For the sake of simplicity we only present the
results of three-month time-scale and provide the results for the one-month and twelve-month time scales in Appendix D. Fig. 4 shows
the time-series of results for the three-month SPI and pFstd5·The most severe drought in the 25-year period at Bourke occurred in the
months April-June in 1976 with SPI =−2.94 and a corresponding soil water pressure in the deeper soil, pFstd5 = 0.5 and
pFstd30 = 2.4. These three months had a total rainfall of 2.6 mm compared with the average rainfall in these three months of
30.7 mm, and similar values were obtained for the severest droughts in Melbourne and Cairns (respectively, SPI =−2.57,
pFstd5 = 1.5 and pFstd30 = 2.2; and SPI =−2.1, pFstd5 = 1.8 and pFstd30 = 1.9).
Both drought indices were significantly correlated (p < 0.05) with the standardised soil water pressure, but the correlation was
stronger for the deeper (30 cm) soil profiles (Fig. 5). The correlations were strongest for tropical Cairns (R2 = 0.69) and arid Bourke
(R2 = 0.51) for the SPI and RDI, respectively. The lowest correlations were observed in Melbourne at both drought indices and each
soil profile (Fig. 5). Because soil water pressure may take some time to respond to meteorological changes, we re-calculated the
correlations after lagging the timeseries of the soil water pressure behind the time-series of the drought index. Using a lag of one
month, so that the minimum pFstd in month i corresponds to SPIi-1 calculated using equation (1), correlations between standardised
soil water pressure values and drought index values were lower than those listed above. Therefore there is no evidence of a lag
between SPI or RDI and soil water pressure minima that is not captured within Eqs. (1) and (2a), (2b).
Because the 75th percentile was used to define the drought index as well as the soil water pressure thresholds, in this case E(a)
= E(c) and E(a + b) = E(b + c), therefore FR = FAR. Hence only FR is referred to here. The SPI performed better than the RDI in
terms of FR across all locations and soil profiles, except for the 5 cm soil profile at Bourke. FR using the SPI ranged between 19% and
42%, and the values using the RDI ranged between 36% and 68% (Table 3). Using the RDI, the FR values were always higher for the
deeper soil profiles, while for the SPI they were lower except for tropical Cairns where the FR was the same for both profile depths. In
temperate Melbourne, the FR values derived using RDI were higher than for other locations (58% and 68% for the two soil profiles),
while results for tropical Cairns showed the greatest improvement moving from the RDI to the SPI (e.g. FR reduced from 46% to 19%
for the 30 cm soil profile).
Varying the SPI and RDI threshold values, while maintaining the 75% threshold applied to the simulated soil water pressures,
illustrates the sensitivity to the arbitrary choice of threshold (Fig. 3). As expected, when the SPI threshold increased (i.e., only
extreme values of the SPI are classed as droughts), FR became high and FAR became low. For example, using the 95th percentile, FAR
values for Cairns and Melbourne approached zero and FR values approached 81%. Although there may be particular circumstances
when low FR or FAR rates may be the aim, the results confirm that a balanced performance is achieved by calibrating the actual
number of drought events (in this case represented by the simulation) so that it is equal to the modelled number of drought events (in
this case using the SPI and RDI).
The results of the Hydrus-1D parameter sensitivity analysis are shown in Appendix C. The simulated soil water pressure was most
sensitive to uncertainty in parameters of the water retention curve in tropical Cairns, where the relative sensitivity ranged from 1.4
(when perturbing parameter n) to 4.0 (when perturbing parameter θs). In other words, the simulated soil water pressure rose by up to
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4% after changing the default parameter values by 1%. In contrast, the highest sensitivities across the other locations ranged from 0.3
in temperate Melbourne to 2.7 in arid Bourke. Examples of time series of monthly minimum soil water pressure in the 0–5 cm depth
range for Bourke using default and perturbed parameter α are shown in Appendix E.
The performance of the SPI in detecting soil moisture droughts relative to the perturbed Hydrus-1D is presented in Fig. 6 by
showing the differences between FR*–FR (the values of FAR*–FAR are identical). The results in Fig. 6 show that for all locations the
errors introduced by the assumed uncertainty in the water retention curves are greater than those introduced by the use of SPI.
Generally, the simulation model performed relatively well for shallow soils than for deeper soil profiles (Fig. 6).
Fig. 5. Web plot of correlations between standardised simulated monthly minimum soil water pressure pFstd and the SPI (green) and RDI (blue) for 5 cm and 30 cm soil
profile, respectively (centre). The scatter plots show the pressure data for only the 30 cm soil profile, which gave the higher correlations in all cases.
Table 3
Performance analysis of drought indices based on standardised monthly minimum soil water pressure for the threshold value of 75th
percentile.
Location Soil profile (cm) Drought index
FR (%)
RDI SPI
Cairns 5 45 19
30 46 19
Melbourne 5 58 41
30 68 32
Bourke 5 36 42
30 41 32
Note: FAR values are identical to FR values.
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4. Discussion
In this study we assessed the capability of selected meteorological drought indices to identify periods of soil water drought
through a comparison with the physically based soil water model, Hydrus-1D. We used soil hydraulic properties and 25 years of
climate data from three locations in eastern Australia representing tropical, temperate and arid climates. We analysed the correlations
between the indices and standardised simulated soil water pressures, and the frequency with which the indices detected soil water
pressure thresholds being passed. The relative capabilities of the indices and the soil water model, considering scenarios of un-
certainty in the latter, were also assessed. The drought indices have variable success in detecting the periods of limited soil water
availability. The frequency which the drought indices failed to detect periods of soil water deficit and the frequency with which they
falsely detected periods of soil water deficit (FR and FAR respectively) are generally below 50% (in all cases except at Melbourne
using the RDI) and as low as 19% (at Cairns using the SPI) (Table 3). Due to the uncertainties in the simulation model parameters,
which (assuming the default Hydrus-1D model is a reasonable reference point) represent the level of uncertainty that may occur in a
practical application, the drought indices are considered generally more reliable indicators of plant water stress due to drought
(Fig. 6). This highlights the importance of precise estimation of the soil water retention curve. Although our results show a strong
preference for using the simpler index (SPI), it is reasonable to also conclude that, when and where adequately supported by data and
modelling expertise, a physically based soil water model should be used in preference.
One of the major concerns of using meteorological drought indices is false prediction of soil moisture drought or over-estimation
of its frequency (Sheffield et al., 2012; Törnros and Menzel, 2014; Touchan et al., 2005). For example, the Palmer Drought Severity
Index has overestimated global drought severity over the past 60 years (Sheffield et al., 2012). Also tree growth assessments showed
that the SPI tends to overestimate tree ring index values (Touchan et al., 2005). Our results were ‘calibrated’ to achieve a balance
between over-estimation (high FAR values) and under-estimation (high FR values) (Fig. 3), yet at best achieved FR and FAR values of
19%. There are several potential reasons why the performance was not better, including the simplicity of the indices used, the
disparity of time-scales and the potential errors in the simulated soil water data. These are expanded upon below.
Rainfall and potential evaporation are treated simplistically in the calculation of the SPI and RDI (Shiau, 2006). Eqs. (1) and (2a),
(2b) contain combinations of the climate variables that give convenient and intuitive indices of drought (Shiau and Modarres, 2009;
Vangelis et al., 2013), but are not optimised to approximate well the non-linear and site-specific relationships that govern soil water
deficits, in particular they neglect the soil-specific water retention characteristics (Wang et al., 2015). Some soils retain water better
than others, for example sandy clay loam in Bourke may retain more water than sandy loam in Cairns or Melbourne (Wong et al.,
2016), and affect the number, depth and timing of periods of soil water shortage. As numerous drought indices have been developed,
some of which incorporate additional variables beyond rainfall and potential evaporation, there is scope to explore alternatives
(Mpelasoka et al., 2008). However, notwithstanding the limited scope of this paper, our results are in accordance with other findings,
for example, in North Carolina where the SPI can be used to represent soil moisture variation (Asadi Zarch et al., 2015; Khalili et al.,
2011).
We averaged the climate data over three months before they were used for the monthly SPI and RDI calculation (Eqs. (1) and (2a),
(2b)), whereas the simulation used a daily time step. The performance was potentially limited by this discrepancy in time scales. For
example, for the shallow soil, there were cases where three simulated soil moisture minima were contained within one long drought
event identified by the index, while in other cases the simulated event was too short to be recognised by the more dampened response
Fig. 6. The difference between the FR*–FR for all sites and soil profiles for SPI. The positive values indicate that drought indices are more reliable than the hydraulic
model due to the uncertainties of the model. Black and grey bars indicate the highest sensitive and median sensitive values of perturbed model respectively. Values of
FAR*–FAR are the same as FR*–FR. FR* represents the mean of three assessed parameters (θr, θs, α). B: Bourke, C: Cairns, M: Melbourne.
D. Halwatura et al. Journal of Hydrology: Regional Studies 12 (2017) 396–412
405
of the index. Results show a poorer correlation between the indices and standardised soil water pressure if a 12-monthly averaged
period was used instead (with the exception of Melbourne (Appendix D)). In cases, higher correlations have been observed using the
SPI with an averaging period less than three months especially for the top 10 cm of soil (Sims and Raman, 2002), although longer
timescales have been recommended in general for drought analysis (Du et al., 2013). Contrasting conclusions about the optimal
averaging period may be explained by differences in climate, soil and water management contexts (Vicente-Serrano et al., 2012; Xu
et al., 2012). A 12-monthly timescale may not capture the significance of the five to six-monthly wet and dry cycle such as in Cairns;
and a three-monthly timescale may not capture the annual lag-times of groundwater-fed irrigation schemes. Thus, it is a matter of
finding the suitable timescale for each specific context, and it may be helpful to present results for alternative time-scales (Vicente-
Serrano et al., 2012).
Given the more rapid variations in soil water content experienced in the shallow soil (represented by the 0–5 cm depth range), if
drought indices are used as a planning tool for initial plant establishment, a shorter time scale than three months is likely to be
preferred (correlations between standardised soil water pressure and drought index values for the one-month time scale are shown in
Appendix D). Generally, the soil water model performed better for shallow soils than for deeper soils as FR*-FR for deep soils is
always higher than FR*-FR of shallow soils (except for the shallow soil in Melbourne) (Fig. 6). We presume this is because it operates
on a daily time-step as opposed to the three-monthly averages used by the drought indices and therefore, despite its uncertainty,
performs relatively well for short-term and near-surface periods of limited soil water availability.
We opted to use the monthly minimum rather than the monthly average soil water pressure. Although using the average may have
provided a stronger correlation between the drought indices and the Hydrus-1D outputs, we selected the minimum based on the
assumption that one incidence of exceeding a species-specific water pressure threshold causes irreversible plant water stress (Blum,
2011). This reference point is more biologically relevant than monthly averaged soil water pressure. Further, we opted to use soil
water pressure over soil moisture because it would allow examination of potential water fluxes between plant roots and the soil water
storage. Also due to the monotonic behaviour of water retention curve, use of soil moisture over soil water pressure should not affect
the findings on the false alarm (FAR) and failure rate (FR). Hence, although soil moisture is a valuable metric defining the total store
of subsurface water, the soil water pressure provides the relevant information required to assess water availability for plants.
The performances of the indices reported in this paper are conditional on the accuracy of the soil model Hydrus-1D. Although an
uncertainty analysis was performed, this only involved arbitrary one-at-a-time perturbations to soil hydraulic property parameters,
and did not explicitly examine the sensitivity of performance to structural errors in Hydrus-1D such as effects of anisotropy and
heterogeneity of soil properties, the spatial-temporal distribution of plant water uptake, and the applied lower and upper boundary
conditions. These errors may influence how the performances varied between the SPI and RDI, between the two depths and over the
three selected sites. A potential approach to extending the uncertainty analysis would be a Monte Carlo based global sensitivity
analysis, as well as exploring some of the structural uncertainties such as the single porosity assumption, the potential evaporation
model and boundary condition assumptions (Le Vine et al., 2016). This would likely support the result that the drought indices are
more robust predictors of soil moisture drought than using a default model such as our application of Hydrus-1D, and it would also
identify the priority uncertainties.
A particularly interesting result was that the SPI performed considerably better than the RDI (Fig. 5). Overall, the SPI performed
better than the RDI (except for pF5 at Bourke), illustrating that in general the inclusion of potential evaporation in the RDI confounds
the prediction of drought for these sites, although this result may be affected by potential evaporation and Hydrus model errors as
discussed above. For arid Bourke, there was less benefit using the SPI over the RDI (Fig. 5), which we speculate is due to a stronger
and more linear influence of potential evaporation on the soil moisture minima at that site (Asadi Zarch et al., 2015; Khalili et al.,
2011). The differences in the correlations shown in Fig. 5 are consistent with the differences seen in FR and FAR values (Table 3),
with both showing that the better predictor of droughts is the SPI.
The rationale behind using the 75th percentile threshold for soil water pressure is that a physically based value cannot be usefully
determined. Rather, it is assumed that native plants have been established over long periods and are adapted to the local environ-
mental conditions and would suffer similar levels of water stress at the 75th percentile soil water pressure across the three locations.
Of course this implies different absolute quantities of soil water pressure. For example, the 75th percentile corresponds to pF 3.4 in
Bourke, but is only pF 2.3 and 2.1 in Melbourne and Cairns, respectively. In order to address the issue of an arbitrarily selected
threshold, we tested our methods within the range of 45–95% (Fig. 3).
Ideally, indices such as the SPI or RDI should be compared with empirical field data. However, such empirical data are often not
available (such as in our study locations), primarily due to the cost- and time-intensive nature of long-term monitoring programs. As a
solution remotely sensed soil moisture data are increasingly available, but are expensive, cover only the last two decades, and shallow
soil layers have limited accuracy (Dorigo et al., 2010; Houser et al., 1998; Mishra et al., 2015). For example complex land-surface
models have been used to infer long-term soil moisture data by demonstrating the limited availability of long-term empirical soil
moisture data to test the capability of drought indices to detect soil moisture droughts (Cammalleri et al., 2016). This encourages the
approach of using empirically derived soil water retention curves and a physically based soil water model as a reference or control
scenarios is a valuable alternative. Hence, a logical step before implementing any long-term campaigns is to test their feasibility in a
pilot study, for example, using physically based models such as Hydrus-1D with available empirical data such as rainfall and eva-
poration and soil water retention characteristics, as demonstrated in our work. However, numerical models are simple representation
of physical processes and would have limited predictive power and the model uncertainty addressed in this study is a common
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practice in the environmental modelling literature (Muleta and Nicklow, 2005; Uusitalo et al., 2015).
Table 4 summarises the comparison of the merits of drought indices versus physically based soil water models for soil water
drought estimation. The SPI and RDI require only meteorological data, which are often freely available, although they are less often
available for the recommended minimum period of 30 years (McKee et al., 1993), and accuracy may be poor if the location of interest
is far from a rain gauge. Data preparation and estimation of the drought index is easy to follow and not time consuming (McKee et al.,
1993; Tsakiris et al., 2007). However, the drought index only gives the anomaly from the average value, rather than a value that is
physically meaningful. For an example the same drought index value for two different sites will show different soil water pressures,
e.g. for an SPI value of −2, the corresponding soil water pressure (hPa) is −37.32 for Cairns and −2381.7 for Bourke.
Another limitation of the approach taken here is the limited length of climate time series. We used historic rainfall and potential
evaporation data for 25 years, which represents only a limited range of drought extremes, and ideally longer-term data would be
used. The use of monthly standardised soil water pressure minima provided 300 samples for the assessment of performance, however
clearly these samples are not independent droughts and a more statistically robust assessment would be based on annual minima, if
enough samples (long enough time series) could be obtained.
5. Conclusions
The study reveals that the selected simple drought indices, SPI and RDI, perform better than the physically based soil water model
over three soil types and climates in Eastern Australia. This was based on comparing the failure rate (FR) and false alarm rate (FAR),
measures of how reliably the indices detected simulated soil water drought events. Generally, SPI performed better than RDI, po-
tentially due to the over-simple treatment of potential evaporation reducing the correlation between the RDI and standardised soil
water pressure values, as well as the dominant effect of precipitation for the climates and soils considered. Also the study has
highlighted the influence of drought index time scale, with a three month climate aggregation period giving overall the best results.
However, exceptions exist with respect to both the best index and the best time scale. Finally the physically based simulation model is
unlikely to be more useful than the SPI for soil water drought estimation due to uncertainty in the soil water retention curves, which
are generalised for the soil classes rather than based on local calibration. We conclude that local calibration of soil hydraulic
parameters is a prerequisite for preferring such models over simple indices.
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Table 4
Merits of the alternative approaches to detect soil moisture droughts.
Drought indices Standardised soil water pressure
SPI RDI
Data requirement rainfall rainfall, potential evaporation rainfall, irrigation, potential evaporation, soil type
and soil hydraulic parameters
Time for data/model
preparation
low low high
Calculation time low low moderate
Cost for data mostly free sometimes have to purchase may be expensive for some locations
Data availability available for most locations available for some locations restricted to few locations or have to measure in
sites
Applicability to any climatic
region
have issues with arid
regions
can apply to any climate can apply to any climate
Applicability to future climate accounts for changes in
precipitation
accounts for changes in precipitation
and potential evaporation
accounts for changes in precipitation, potential
evaporation and soil hydraulic properties
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Appendix A. Configuration of the Hydrus-1D model for all selected sites
Table A1
Appendix B. Conceptual schematics of applied methods
Table A1
Configuration of the Hydrus-1D model for all selected sites.
Attribute Value
Soil Profile
Depth (mm) 50 mm or 300 mm
No. of layers 1
No. of nodes 100
Nodal density 100 (upper), 1 (lower)
Hydraulic model and boundary conditions
Single Porosity model Van Genuchten-Mualem
Hysteresis No hysteresis was included
Upper boundary Atmospheric (rainfall and potential evaporation data) with surface runoff
Lower boundary Free drainage
Iteration criteria and time information
Maximum No. of iterations 10
Water content tolerance 10−5
Pressure head tolerance (mm) 1
Lower [upper] optimal iteration range 3 [7]
Lower [upper] time step multiplication factor 1.3 [0.7]
Lower [upper] limit of the tension interval (mm) 10−5 [106]
Initial [final] time (day) 0 [9125]
Initial time step (day) 10−3
Minimum [maximum] time step (day) 10−5 [1]
Fig. B1. Conceptual schematic to assist with interpretation of the failure rate (FR) and false alarm rate (FAR) values. The threshold values (dashed lines) divide the
possible pairs of values [drought index, monthly minimum standardised soil water pressure] into four segments, upon which the calculations of FR and FAR are based
(Section 2, step 3). The segments (a, b, c) represent the low soil water pressure events that are not (a) or are (b) detected by the drought index, and the drought events
detected by the drought index that do not (c) correspond to periods of low soil water pressure.
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Fig. B2. Conceptual schematic to assist with interpretation of the failure rate (FR*) and false alarm rate (FAR*) values. The threshold values (dashed lines) divide the
possible pairs of values [monthly minimum standardised soil water pressure, perturbed monthly minimum standardised soil water pressure] into four segments, upon
which the calculations of FR* and FAR* are based (Eqs. (7) and (8)). The segments (a–c) represent the drought events simulated by the default model that are not (a) or
are (b) detected by the perturbed model, and the drought events simulated by the perturbed model that do not (c) correspond to those simulated by the default model.
Table C1
Normalised relative sensitivity S (Eq. (6)) of simulated soil water pressure to uncertainty in parameters of the water retention curve. Values in blue-bold and green-
italics are the highest and the median values of percentage change, respectively, over all 10 perturbations.
Appendix C. Normalised relative sensitivity S of simulated soil water pressure to uncertainty in the water retention curves
Table C1
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Appendix D
Fig. D1
Appendix E
Fig. E1
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